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Medical imaging has been an essential component in clinical cancer care. 
Computer Tomography (CT) is the most used medical imaging modality for 
diagnosis and treatment response monitoring of a variety of cancer types, including 
pancreatic cancer. However, the current practice of medical imaging analysis is still 
mainly intended for visual interpretation and lesion size determination. Recent 
success in quantitative imaging analysis is redefining the role of medical imaging as 
a new data source of novel biomarkers, in the form of imaging-based phenotyping. 
Radiomics is a method of high-throughput extraction of hundreds of features 
encrypted in the medical images based on a segmentation (delineation of boundary 
of a three-dimensional volume of interest, i.e. VOI). These Radiomics features 
typically include the shape, first-, or second- (or textual), and higher-order statistics 
of a 3D volume of interest, and can provide a far more comprehensive, quantitative, 
and nuanced representation of the radiographic phenotype of a tumor or an organ, 
in comparison to the semantic or qualitative descriptors from human experts. Due to 
its distinct advantages for biomarker development, it becomes an active area of 
research focusing on risk assessment and treatment response prediction of cancer 
as well as relationship between image feature and genomics. As previously stated, 
the inconsistency and variability of target volume delineation and radiomics feature 
extraction will affect, in a negative way, the robustness of the predictive model and 
its ability to generate on a different dataset. Patient positioning and image 
acquisition also affect each feature to varying degrees by introducing different types 
of imaging perturbations such as image rotation. In this study, we aim at evaluating 
the uncertainties introduced by the image rotation. 
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Radiomics feature stability is very important to achieve robust modeling. In this 
study, we analyzed a total of 924 radiomics features in 9 different types from 68 
patients and their stability against the image perturbation introduced by image 
rotation. Our study has built a foundation for future predictive modeling based on 
the radiomics for lung cancer. Future studies include the investigation of the 
stability of radiomics features against other image perturbations such as image 
translation or noise.
Acknowledgements
Thank you to the coordinators of the Summer Undergraduate Research Program, 
Dr. Wang, Dr. Lin and all those who provided guidance and mentorship through 
which the research experience was possible. 
Once the computerized data is compiled, medical providers may investigate the 
uncertainty introduced by image rotation. Figure two below illustrates the way in which 
radiomic techniques were used in this study to differentiate between benign and 
cancerous lesions, further emphasizing the need of quantitative image analysis within the 
field of oncology. Free-breathing CT scans of sixty eight early-stage lung cancer patients 
were retrospectively studied and contoured, as illustrated by figure four. Thirty female 
lung cancer patients and thirty eight male lung cancer patients were analyzed; with the  
average age of first treatment falling between sixty five years and eighty years of age. 
The Gross Tumor Volume was delineated based on the intensity on the same 
window/level. The CT images and tumor delineation was exported via DICOM transfer 
protocol. Image rotation of +/- three degrees was performed on each CT image and 
tumor delineation (masks). Intraclass coefficient was used to evaluate the stability of the 
features with rotation. All the image processing and analysis were performed using 
Python 3. Intertwined within the realm of radiomics is the Intraclass Correlation 
Coefficient (ICC) used to measure the variability of individual ratings to variation in 
ratings across all individuals involved in the study. A combination of 7 rotational variations 
were introduced: -9 degree, -6 degree, -3 degree, 0 degree, +3 degree, +6 degree and 
+9 degree. Intraclass coefficient as used to evaluate the stability or repeatability of the 
extracted features from these rotational variations. PyRadiomics (Harvard University, MA) 
was used to extract the radiomics features.
Abstract
First developed in 2012, radiomics is crucial within the realm of medicine in that it 
extracts features from radiographic medical images using specified algorithms. The 
output features, described as radiomic features, have potential to uncover the hidden 
pattern that related to signs of disease and abnormality otherwise prone to be 
overlooked by the naked eye. As illustrated by figure one above, using the characteristics 
of quantitative image analysis, medical professionals within the realm of radiation 
oncology may design treatment plans using noninvasive computational techniques.
Figure one: components of radiomics
Figure two: example of similar looking 
lesions with different natures 
Figure three: Investigation of the uncertainty introduced by image rotation 
– The goal of our study is to identify stable radiomics features against the 
possible image perturbation such as rotation
Figure four: example contour – the gross tumor 
volume was contoured in Eclipse Treatment 
Planning system (Varian, Palo Alto, CA)
Figure five: Intraclass Coefficient Analysis on the radiomics analysis
A total of 924 radiomics features (in 9 different types) were extracted on each of the 
images from each patient. A two-way mixed effects model of ICC was used for 
analysis. As shown in figure five, the original type of features are very stable to 
these rotational variations. Majority of the log-sigma, wavelet-LLH, wavelet-LHL, 
wavelet-HLL, wavelet-HLL, wavelet-HLH, wavelet-HHH, and wavelet-LLL have the 
ICC coefficient greater than 0.8, indicating reasonably well stability. We also 
observed suboptimal stability in wavelet-LLL and wavelet-HHH, which has a large 
variation.
